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Presenter Notes
Presentation Notes
Hello My name is Katarina Vuckovic. The work that I am presenting today is done in collaboration with my colleagues Shashvat Prakash and Ben Burke. Shashvat and I are both from Collins and Ben is a contractor from Insight that collaborated with us on this project. 

The topic of my presentation is a mouthful. It’s called ” “.
In this presentation I will aim to explain our approach to developing data-driven phm concepts in short
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Presenter Notes
Presentation Notes
Let me start with an introduction to our team


PROBLEM STATEMENT

MISSION: DEVELOPING SYSTEM LEVEL ANALYTICS

« Single component are easier to model when they are treated as an isolated system.

«  Component level prognostics do not capture the intricate correlations and interdependencies of the
component within the complex system.

« Digital Twins have gained interested and over-time they may be able to model these systems at a
detailed level.
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Presentation Notes
Slide 1: Introduction to Prognostic and Health Management (PHM)
PHM is essential for ensuring safe system operation and cost-effective maintenance (Kim, 2021).
Many prognostic algorithms have been developed for component-level prognostics, such as bearings, gears, batteries, and filters (Hamadache, 2019; Hsu, 2022; Meng, 2019; Vuckovic, 2022).
Challenges arise when dealing with complex systems where component correlations and interdependencies complicate modeling.
Slide 2: The Role of Data-Driven Approaches and Challenges in PHM
Single components can be easily modeled and tested due to controlled environments and domain knowledge.
Digital Twins (DTs) have gained interest for modeling complex systems over time (Tao, 2018).
PHM is crucial for industries with high reliability and safety demands, such as aircraft, nuclear power plants, and military defense systems.
Adding new sensors to systems is often impractical and costly.
Developing comprehensive PHM solutions involves identifying correlations between events and sensor data, especially in complex systems.
Introduction of a framework for data isolation, feature engineering, and correlation identification in PHM, followed by a machine learning framework for model training and testing.


DATA DRIVEN PROGNOSTICS

SYSTEM IS A COLLECTION OF COMPONENTS AND SENSORS

SENSORS COMPONENTS + How to identify correlations between sensors and

o,

¢ — components?
} @l a) Physics/system architecture-based models (obvious)
b) Data-driven analysis (not so obvious)

* Propose Framework:

+ Data driven approach to identify relationship between
ﬁ sensors and component removals.

Feature & Prognostic
EnF?r?éuerr(ian Component ML Model
t 9 g Correlation Development
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Presentation Notes
We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


KEY ISSUES

SUMMARY

« The proposed framework is intended to address three key issues:
1. Ensure system coverage
2. ldentify relevant features for a given component/event
3. Reduce prognostic development time
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 
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Presentation Notes
I will now go through the background and motivation for this work.


FRAMEWORK OVERVIEW

ANALYTIC DEVELOPER WORKFLOW PROCESS

Opportunity
Identification
& Priarity
Assessment

Data Preparation

Model Training

Performance Validation

STEP 1

Raw Classification Performance Metric
Sensor Feature Engineering Precisi
Data Logistic Reg. Decision Tree Bayes Models recision
l SVM Random Forest MLP Recall
KNN XG-Boost CNN
Event Feature — Event F-score
Dataset Correlation
! Regression Estimation Error
Training Dataset Polyn. Reg.  Decision Tree GPR MAE
. SVR Random Forest MLP
Generation KNN XG-Boost CNN MAPE
Classification RMSE
Regression I .
| g | Time Series
; —
| TS Classification | CNN GP
| RMN Transformers
| TS Regression | LETM
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


Opportunity

STEP 1: OPPORTUNITY IDENTIFICATION | “Shiony |

Assessment

BUSINESS ASPECT OF PROGNOSTIC DEVELOPMENT

* How should we prioritize analytics in an incremental development process? STEP 1
* Priority Criteria Guidelines:

+ Customer Request

+ Cost-Benefit Analysis

« Safety Critical Components

+ High Correlation (Quick Wins)
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


Data Preparation

}» Feature Engineering

STEP 2: DATASET PREPARATION B

Training Dataset
Generation

_—_Classiﬂcalion
FEATURE CORRELATION

TS Classification

. .
- Feature Engineering

STEP 2
* Apply statistical transformations to raw flight signals to generate features.

« Transformations reduce raw signals to single values per flight.
« Features are tracked over time and saved in feature-specific datasets.
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


STEP 2: DATASET PREPARATION

CORRELATION

- Feature-Component Correlations
« Perform correlations between unique features and component.
- Statistically evaluate differences before and after events to identify correlated events.

+ Correlated events are saved for future reference and investigation.
Tail number 123

Feature F2 vs. Removal C1

Data Preparation

Feature Engineering

Feature — Event
Correlation

Training Dataset
Generation

TS Classification

TS Regression

12

11

10

Feature Value

0.9

== Removal C1 - shift detected
0s Removal C5 - no shift detected
e Feature F2

20‘0[}

0 50 s00 750 1000
Flights
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


STEP 2: DATASET PREPARATION —

FEATURE SELECTION & EXPLAIN-ABILITY

Feature-Event Correlation
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F701  F302
Features

F51

F623

F4454

F10

Data Preparation

Feature Engineering

f

Training Dataset
Generation

STEP2

Percentage of explain-ability - how many
removals of a given component type does a
feature explain?

Example:

Component C1 removed 10 times

Feature F2 displayed a shift in
performance 8 times

Explain-ability of C1-F2 is 80%
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


DATA CHALLENGES

EXPLORING CHALLENGES WITH AVAILABLE DATASETS Removals Graph

* Requirements: 30{ — y=x A
Cm=(26,25)
1. The number of component removals is large enough
to develop a training dataset T o
2. The same component is removed on multiple g
aircraft to avoid aircraft bias. 3 15
£
2
© 10
e
5 -
0_

0 5 10 15 20 25 30
Total number of removals
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


ML TRAINING DATASET

CUSTOMIZED ML LIBRARY

7~ N\
ML Dataset

~
S =N

Classification Regression
N N

7 N\ 7 N\
Single Sample | Single Sample

N N
7~ N\ |7~ N\

Time Series Time Series
N N
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PREPARATION

Classification
* Healthy vs. Not Healthy
« Challenge: labeling
Regression
* Remaining useful life (RUL) estimate
« Challenge: harder to estimate
Single Sample

* Independent prediction for every new
sample collected

Time Series

* Predication based on some specified
window of data.
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


STEP 3: MODEL TRAINING

CUSTOM BUILT AUTO-ML LIBRARIES

Classification | Regression | Time-Series Classification/Regression
Logistic Regression Polynomial Regression CNN
Decision Trees Decision Trees Gate Becurent Unit (GRL
Random Forest Random Forest Recurrent Meural Network (BRNN)
XGBoost XGBoost Long-Term Short-Term Memory (L5TM)
Support Vector Machine (SVM) Support Vector Regression (SVR) Transformers
k- Mearest Meighbor (KNN) KNN GP for time-series
Bayes Models Gaussian Process Regression (GPR)
Multi-Layer Perceptron (MLFP) MLP
Convolutional Neural Network (CNIN) CNN
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


STEP 4: PERFORMANCE ANALYSIS

HOW DO WE TEST AND VALIDATE THE MODELS?

Performance Validation

Performance Metric
Precision
Recall
F-score

Estimation Error
MAE
MAPE
RMSE

CLASSIFICATION MODELS REGRESSION MODELS

Precision = P(IlmpendingFailureEvent] Prognostic Alert ) i} 1 w— .
- e MAFE = — E le; — &5
_ IruePositive " i i

TruePositive + FalsePositive i=1

Recall = P{PrognosticAlert| ImpendingFailureEvent)
B TruePositive MAPE — Z |

ITuePositive 4+ FalseNegative

| + 100%

1:=|.

True

Predicted

Ma Alert  Mlert

Event

Mo Event

True Positive
(FP)

False Positive
(TP

True Negative
(TN)

False Negative
{FN)
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


SIMULATION EXAMPLES
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I will now go through the background and motivation for this work.


DATASET

EXAMPLE FROM OUR DATASET

+ Dataset cover all sensors and all components on an aircraft fleet.

- Define component as C™
* i-the component type.

* m — the number of removals of component C,,

* Define Feature as E,

Data Preparation

Feature Engineering
Feature — Event
Correlation

Training Dataset
Generation

Classification
TS Classification

TS Regression

Features 20,000
Component Types 2900
Total Removals (All Component Types) | 500,000
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


FEATURE SELECTION

|
[ Rogression |+
1. Assume: Using the “opportunity identification” method, we selected to develop ey
prognostic for component C1 | s
. Feature-Event Correlation
2. Perform Feature-C1 Correlation . Threshold
. resno
3. Pick the most correlated features s 4
)
« F2 > 0o
- F8 z
£ 05
- F6 s
K 04
- F9 g
© 03
5
E 02
0.1
0.0 T T T T T T T T T T
F2 F8 F& Fg F701  F302 F51 F623 F4454 F10
Features
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We are using F and C as general terms. It is in part to protect IP since have are using real data. However, it is not this specific analytic that matters so much. The paper is trying to demonstrate a data-driven framework and process for developing prognostics. Therefore, the actual features and components are not that important. 


ML TRAINING DATASET PREPARATION

- Single sample RUL regression model.

« Assumption: over the last 50 flight prior to removal. The component transitions from
healthy to degraded and finally failed.

-+ Dataset contain 50 aircraft

« Train/Test Split
* 45 aircraft are selected for training and 5 for testing.
» Each tail has one or more component C1 failures.
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PREDICTION EXAMPLE: TEST SAMPLE

IN TEST DATASET
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ILLUSTRATIONS FOR ONE REMOVAL

Random Forest
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


PERFORMANCE: NUMERICAL RESULTS

FOR THE ENTIRE TEST DATASET

STEP 4

Models MAE RMSE MAPE

Gaussian Process Regression (GPR) 0.1 0.2 0.5%
Random Forest 4.6 5.61 55.3%
K-Nearest Neighbor (KNN) 10.1 12.2 119.4%
Support Vector Regression (SVR) 11.8 14.1 150.1%
XGBoost 12.1 14.1 154.8%
ElasticNet 12.5 14.5 171.0%
MLP 12.5 14 .4 171.8%
Linear Regression 12.5 14.5 170.9%
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 


CONCLUSION & FUTURE
WORK
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I will now wrap up with the conclusions of this work.


CONCLUSION

SUMMARY

« Discussed challenges of complex systems
* Introduced a data-driven framework for developing prognostic models in complex
systems
*  Opportunity identification
» Feature engineering & feature correlation
* Auto-ML modeling tool
« Performance Evaluation

- Demonstrated performance of the framework on a numerical example
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In summary, what did we talk about today? 



FUTURE WORK

WHAT’S NEXT

« Expanding the Auto-ML library

« Adding unsupervised models for unlabeled dataset
* Improving on feature engineering

* Currently features are combined at the ML level

* Future Enablement: Combine features at the features engineering level
* Introduce better performance metrics

© 2021 Collins Aerospace
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We propose a GPR model to estimate RUL. To study the performance of the GPR model, we consider a filter clogging dataset for RUL estimation. We demonstrate an approach for efficient and easy GPR design which include kernel selection and hyper-param tunning. 
We compare the GPR model to MLP model. We select the MLP model as a representative NN model. The intuition is that the GPR model can train better on smaller dataset whereas the NN requires larger training dataset to tune its hyperparameters. 
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Once again, this work is a collaboration between myself and my colleague Shavshvat. Thank you for your attention and I welcome your questions.
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